We present IMP, an automated pipeline for reproducible integrated analyses of coupled 21 metagenomic and metatranscriptomic data. IMP incorporates preprocessing, iterative co-22 assembly of metagenomic and metatranscriptomic data, analyses of microbial community 23 structure and function as well as genomic signature-based visualizations. Complementary use 24 of metagenomic and metatranscriptomic data improves assembly quality and enables the 25 estimation of both population abundance and community activity while allowing the recovery 26 and analysis of potentially important components, such as RNA viruses. IMP is containerized 27 using Docker which ensures reproducibility. IMP is available at Background and motivation 32 Microbial communities are ubiquitous in nature and govern important processes related to 33 human health and biotechnology [1, 2]. A significant fraction of naturally occurring 34 microorganisms elude detection and investigation using classical microbiological methods due 35 to their unculturability under standard laboratory conditions [3]. The issue of unculturability is 36 largely circumvented through the direct application of high-resolution and high-throughput 37 molecular measurements, most notably metagenomics, to microbial community samples 38 collected in situ [4][5][6]. Beyond metagenomics, there is also a clear need to obtain functional 39 readouts in the form of additional layers of omics data from consortia. Moreover, there is a 40 growing desire to integrate the resulting meta-omics data to more conclusively link genetic 41 potential to actual phenotype in situ [6]. For this purpose, specialized wet-lab methods have 42 been developed to ensure that the generated data fulfill the premise of systematic measurements 43 [7], as subsampling has been shown to inflate intra-and inter-sample variation, thereby 44 hampering subsequent data integration, individual biomolecular fractions, i.e. DNA, RNA, 45 proteins and metabolites are derived from single, unique samples [7, 8]. Next-generation 46 sequencing (NGS) of microbial community derived DNA and reverse transcribed RNA 47 (cDNA) results in metagenomic (MG) and metatranscriptomic (MT) data, respectively. 48
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Post-assembly analysis and output 183
The set of contigs resulting from the IMP-based iterative co-assembly undergo quality 184 assessment as well as taxonomic [41] and functional annotation [42] . Additionally, non-linear 185 dimensionality reduction of genomic signatures (NLDR-GS) is performed using VizBin [24, 186 43 ] which provides two-dimensional (2D) embeddings, enabling the visualization of the 187 contigs as scatter plots in a 2D map format. Further analysis steps include, but are not limited 188 to, calculations of the contig-and gene-level depths of coverage and the calling of genomic 189 variants (using three variant callers, see section Variant calling). The information from these 190 analyses are condensed and integrated into the VizBin-based maps to produce augmented 191 visualizations. The visualizations and various summaries of the output are compiled into a 192 HTML report (for examples of HTML report see Additional file 1: HTML S1 and S2 and for 193 details of output see section Output) . 194 195 Results and discussion 196 We demonstrate the performance and output of IMP on three multi-omic datasets, each 197 consisting of MG and MT paired-end reads (see section Coupled metagenomic and 198 metatranscriptomic datasets for details). A simulated mock (SM) community of 73 bacterial 10 The preprocessing and filtering of sequencing reads is essential for the removal of low quality 207 bases/reads and potentially unwanted sequences, prior to assembly and analysis. Preprocessing 208 of NGS data, prior to assembly, has been shown to increase the quality of de novo assemblies, 209 despite decreased numbers of input reads [44] . The preprocessing of MG and MT reads is 210 handled in a tailored manner within IMP. 211
212
The results of the IMP and MetAMOS preprocessing procedures are summarized in 213 Additional file 3: Table S1 . The preprocessing of the HF included the optional filtering of 214 human genome derived-sequences, while the same step was omitted for the WW data. Even 215 though the preprocessing using IMP yields both paired-and single-end reads, the following 216 section discusses only the paired-end reads as they make up a large fraction of the data and are 217 generally more informative compared to single-end reads. However, IMP retains the use of 218 single-end reads in all downstream processes, unlike most available methods, which discard 219 such reads. Since MetAMOS assumes all input to be MG data, it cannot be directly compared 220 against the preprocessing using IMP. 221
222
The final output of IMP's preprocessing and filtering procedure retained 69.2% (29.8% 223 low quality and 1.0% human genome derived sequences) and 89.2% (10.8% low quality) of 224 MG paired-end reads for HF and WW, respectively. Similarly, approximately 90.8% (6.4% 225 low quality, 1.2% rRNA and 1.7% human genome derived sequences) and 55.3% (19.8% low 226 quality and 24.9% rRNA) of MT paired-end reads were retained from HF and WW, 227 respectively. The filtering of human genome derived sequences are due to technical and privacy 228 reasons, whereas in silico rRNA filtering helps remove remaining rRNA reads, which are 229 usually abundant in cDNA libraries, even after the application of wet-lab rRNA depletion 230 procedures. In summary, IMP is designed to perform stringent and standardized preprocessing 231 of MG and MT data in a tailored way enabling efficient data usage in subsequent steps. 232
233
Assessment of the iterative assembly approach 234
De novo assemblies of MG or MT data usually result in a large fraction of reads that are 235 unmappable to the produced contigs and therefore remain unused, resulting in suboptimal data 236 usage. Previous studies (e.g. Muller In order to evaluate the best iterative assembly approach for IMP, we attempted to 242 determine the opportune number of assembly iterations in relation to assembly quality metrics. 243
The evaluation involved performing multiple iterations of recruiting unmappable reads to the 244 previously generated non-redundant assembly, followed by a de novo assembly of those 245 unmapped reads. The assembly from a given iteration was then merged with the previous 246 assembly to reduce the redundancy (refer to section Iterative single-omic assemblies for 247 details). The evaluation of additional assembly iterations for MG data of SM, HF and WW are 248 summarized in Fig. 2 , based on four different metrics. Overall, each iteration on each of the 249 different datasets (SM, HF and WW) lead to an increase in total length of assembly and 250 increased the overall number of mappable reads, but differed in the observed gain of contigs 251 and genes ( Fig. 2; and Additional file 3: Table S2 ). A similar trend is noticeable for iterative 252 assemblies on MT data (see Additional file 2: Figure S2 and Additional file 3: Table S3 ). The 253 observed trends may be explained by the fact that the complexity of the data typically 254 confounds assemblies [44] . The exclusion of mappable reads in each iteration of assembly 255 reduces the complexity of the data, which in turn allows additional contigs to be assembled and 256 results in a higher cumulative output [44] . 257 258 Considering the relatively low increase in longer contigs and genes beyond the first 259 assembly iteration (Fig. 2 , Additional file 2: Figure S2 and Additional file 3: Table S2 and S3) 260 and the extended runtimes required to perform additional assembly iterations, an opportune 261 single iteration assembly approach was implemented in the workflow of IMP. This approach, 262 which balances the maximization of output yield with runtime, is implemented within the IMP-263 based co-assembly approach. 264 265 Benchmarking 266
The iterative co-assemblies were benchmarked against single-omic MG and MT assemblies 267 and co-assemblies obtained using the state-of-the-art MG data analysis pipeline, MetAMOS 268 [12] . 269 270
Single-omic assemblies and multi-omic iterative co-assemblies 271
Separate single-omic iterative assemblies on all datasets were generated using the preprocessed 272 MG and MT data (see Iterative single-omic assemblies). The iterative co-assemblies were 273 executed in IMP using the two available assembler options for the co-assembly step, i.e. the 274 default IDBA-UD [15] (hereafter referred to as IMP) and the optional MEGAHIT assembler 275 [16] (referred to as IMP-MEGAHIT). Both assemblers are regarded as state-of-the-art because 276 they perform assemblies on multiple kmer sizes, while MEGAHIT was also chosen due to its 277 superior speed and efficient memory usage [15, 16] . 278 contigs, increased total length of assembled contigs and a higher number of predicted genes 282 (partial genes included) compared to single-omic assemblies for all datasets ( Table 1 ). The 283 apparent slight reduction in contiguity (N50 statistic) is due to the addition of shorter contigs 284 likely stemming from the increased sequencing depth of the combined MG and MT datasets, 285 which also increases the complexity of the assembly process. By using the reference genomes 286 from the SM data as ground truth, an improved recovery of reference genome fractions is 287 apparent for the IMP-based co-assemblies. Importantly, a significant increase in the number of 288 mappable MG and MT reads was observed within all co-assemblies compared to the respective 289 single-omic assemblies ( Table 1 ) which suggests superior data usage using the IMP-based 290 approach. For example, the IMP-based iterative co-assemblies resulted in a large fraction of 291 reads being mappable back to the contigs derived from the HF sample (average of 292 approximately 88.0 % and 96.3 % for the MG and MT reads, respectively; Table 1 ), which is 293 substantially higher compared to the numbers reported in a previous report in which MG 294 sequencing data was mapped to an integrated gene catalog, i.e. 74%-81% [11]. In summary, 295 the complementary use of MG and MT data in the context of de novo co-assembly results in 296 an increased yield of output, while enhancing overall data usage for subsequent analyses. [23]. In summary (Fig. 3D ), IMP and MetAMOS-IDBA_UD performed similarly for most 328 metrics when the same assembly program (IDBA-UD) was used by both pipelines. However, the IMP iterative co-assemblies were generated using a lower number of reads compared to 330
MetAMOS-IDBA_UD due to the more stringent preprocessing procedures in IMP, which in 331 turn yielded better quality assemblies ( Fig. 3D ) which are a prerequisite for population-level 332 genome reconstruction and multi-omic data interpretation. 333 334
Summary output from IMP 335
The workflow of IMP is unique such that it allows integrated MG and MT data handling. 336
Although MetAMOS may be extended to perform co-assemblies of MG and MT data, it does 337 not discriminate between the two data types in its pre-and post-assembly procedures which is 338 important given the disparate nature of MG and MT datasets. 339 340 IMP generates several output files, as detailed in the Output section which allow both 341 reference-dependent and -independent analyses of the data. Information from these output files 342 are condensed and summarized using different static and dynamic visualization methods, 343 which are compiled into an HTML report (Additional file 1: HTML S1 and S2). 
Identification of RNA viruses 365
To identify differences in the information content of MG and MT complements, the contigs 366 generated from IMP were inspected with respect to coverage by MG and MT reads. In the two 367 exemplary datasets, a large fraction of the contigs resulted from the composite assembly of MG 368 and MT data, followed by contigs composed exclusively of MG data and a small proportion 369 composed exclusively of MT data (Additional file 3: Table S5 ). Longer contigs (≥ 1 kb) 370 composed exclusively of MT reads and annotated with known viral/bacteriophage genes were 371 enriched and retained for further inspection to MG depth of coverage ratios (see Additional file 2: Figure S4 ). The subset of contigs 389 (simplified as subset) within the selected cluster aligned to the genome of the Escherichia coli 390 P12B. For comparison, we also identified a subset which was highly abundant at the MG level 391 (lower MT to MG ratio), which aligned to the genome of Collinsella intestinalis DSM 13280 392 strain. Based on these observations, we highlighted these subsets of contigs to produce an 393 augmented VizBin map (Fig. 5A ). In these, C. intestinalis and E. coli subsets are mainly 394 represented by clear peripheral clusters which exhibit consistent intra-cluster MT to MG depth 395 of coverage ratios (Fig. 5A) . The subsets were manually inspected in terms of their distribution 396 of average MG and MT depths of coverage, comparing them against the corresponding 397 distributions of all the contigs. The MG-based average depths of coverage of the contigs from 398 the entire community exhibited a bell-shape like distribution, with a clear peak (mode). On the 399 contrary, MT depths of coverage exhibited a spread distribution, with a relatively lower mean 400 (compared to MG distribution) and no clear peak (Fig. 5B ). The C. intestinalis subset displays 401 similar distributions to that of the entire community, whereas the E. coli subset exhibits an 402 unusually high MT-based depth of coverage, and a low MG-based depth of coverage (Fig. 5B) . We implemented customized preprocessing and filtering procedures for MG and MT 426 data due to the distinct nature of these different omic data types. We also evaluated the IMP-427 based iterative co-assembly procedure and found it to produce higher amount of output volume a higher fraction of read which can be mapped back to the contigs). IMP provides the option 430 for the use of two state-of-the-art assemblers, whereby the default assembler, IDBA-UD, 431 produces highly contiguous assemblies, while MEGAHIT balances the number of contigs with 432 favorable contiguity with a high number of predicted genes and a relatively low rate of 433 misassemblies. High quality assemblies yield better quality taxonomic information and gene 
